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Abstract—Knowledge graphs (KGs) capture rich, multi-relational data, but comparing entities, relationships, and local structures
remains challenging with traditional graph visualizations. We present NEXO, a task-driven system for comparative KG exploration
that combines natural language interaction with adaptive, coordinated visualizations. The system translates free-form queries into
structured comparison tasks and supports value comparison, path comparison, and neighborhood exploration across one-to-one,
one-to-many, and many-to-many comparison structures. Rather than exposing users to the full graph, NEXO generates task-specific
views that combine structural context with concise summaries to support efficient comparison. We evaluate the system through a user
study with eye tracking to assess task performance and attention allocation across coordinated views. Participants completed tasks
with high accuracy and minimal query reformulation. Gaze patterns reveal task-dependent attention strategies, with users relying more
on graph views for structural exploration and summary views for pattern identification and comparison. These findings demonstrate the
effectiveness of combining natural language interaction with task-adaptive visualizations for comparative KG exploration.

Index Terms—Knowledge Graph, Graph Visualization, Natural Language Interaction, Human-in-the-Loop

1 INTRODUCTION

Network data represents interconnected entities within various systems,
highlighting their relationships and dependencies. A knowledge graph
(KG) is a specific type of graph that organizes information by linking
entities and their attributes within a structured, semantic framework.
KGs are widely used across domains due to their ability to encode se-
mantically rich information [16,25,30,43,44]. For example, node-link
diagrams are commonly used for KG visualization, but they suffer from
scalability limitations that hinder effective exploration of large-scale
graphs [22]. Although numerous graph visualization techniques have
been proposed to mitigate these challenges, most approaches are de-
signed for general network data and are not specifically tailored to
the semantic structure and relational complexity of KGs [20,51]. Im-
portantly, KGs support a wide range of analysis tasks by combining
multidimensional data, such as entities, relationships, and attributes,
within a single representation. However, this richness also introduces
complexity, making it difficult for any single visualization technique to
effectively support all task types.

While a few systems have attempted to adapt these techniques for
KGs [7,15,27], a substantial gap remains between traditional network
visualization approaches and the unique requirements of KG visualiza-
tion. In particular, limited attention has been given to natural language
interaction (NLI) as a mechanism for exploring KGs, despite evidence
that language-based interfaces can improve usability and accessibility
in data visualization contexts [23,28,31,35,37,39,41]. Allowing users
to interact through natural language, while accounting for the inherent
ambiguity of such inputs [12], has been shown to support effective and
flexible data exploration across various scenarios, including network
datasets [35,41]. However, most existing work on NLI for visualization
has focused primarily on tabular data and statistical charts, leaving in-
teraction with more complex, heterogeneous, and relational structures
such as KGs largely underexplored.
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Our research also aims to address common challenges associated
with simultaneously exploring and comparing different portions of a
larger graph. Comparison is a fundamental analytic operation in KG ex-
ploration, as users often need to contrast entities, relationships, or local
graph structures to identify similarities, differences, and patterns [13].
However, performing such comparisons in KGs is challenging, as rel-
evant entities and relationships are often distributed across multiple
parts of the graph and difficult to inspect simultaneously. Addition-
ally, despite advances in interaction techniques, existing research has
rarely focused on applying these methods to comparison tasks in KG.
To bridge this gap, we propose applying visualization and interaction
techniques specifically to support comparison tasks in KG exploration
with natural-language interaction. Our work focuses on three primary
types of comparisons: one-to-one, one-to-many, and many-to-many.
These comparison types align with three common graph-related task
categories inspired by prior work [21]: value comparison, path compar-
ison, and neighborhood exploration. By explicitly supporting different
types of comparison tasks, we aim to cover common query scenarios to
enhance users’ ability to parse and grasp information needed to answer
their task at hand efficiently without being overwhelmed by the scale
of too much data.

Thus, our primary contribution is NEXO, a comparison-driven vi-
sual analytics system for KG exploration (Figure 1). Rather than using
natural language solely for graph query generation, NEXO combines
comparison-oriented task formulation, human-in-the-loop query in-
terpretation, and adaptive coordinated visualizations to support value
comparison, path comparison, and neighborhood exploration. NEXO
is designed around three key goals: (DG1) enabling natural language
interaction for expressing comparison intent, (DG2) supporting task-
driven comparison through adaptive graph visualizations, and (DG3)
enabling multi-level comparison of graph context and statistical sum-
maries. We suggest that comparison is an important yet often under-
supported operation in KG exploration, and that addressing it may
benefit from a task-driven integration of natural language interaction
and adaptive multi-view visualizations. We demonstrate the efficiency
of our approach through the implementation of a system prototype,
with particular attention to scalability, ensuring that large graphs with
complex node and edge structures can be handled interactively.

2 BACKGROUND

2.1 Knowledge Graph Visualization

KGs illustrate the connections between entities, enabling an under-
standing of relationships. Various visualization formats support in-
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Typing a natural language query...

Figure 1: System interface supporting comparison-driven KG exploration. Users issue natural language queries (top), which are interpreted into
three task types: @ value comparison, (12) path comparison, and (73] neighborhood exploration. Each task is presented through adaptive coordinated
views, including a graph view for structural reasoning and an analysis and statistics panel for summarizing and comparing results.

terpretation, with node-link diagrams being the most common, using
points (e.g., circles or boxes) for entities and lines for connections [26].
Another common representation is adjacency matrix [26], where nodes
are arranged along the vertical and horizontal edges of a square, and
connections are indicated by flagging the cell at the intersection of two
nodes. Moreover, multiple tools [10, 17] combined these representa-
tions to allow a hybrid representation of network data that can take
advantage of multiple representations. For instance, NodeTrix [17]
combines node-link diagrams and adjacency matrices into a single, co-
hesive representation. The global structure of the network is displayed
as a node-link diagram, while communities, which are often dense and
difficult to interpret using only node-link representations, are shown as
matrices.

Although the most common approach is the use of node-link dia-
grams, prior research has identified several limitations to this method,
particularly in large or dense graphs. Li et al. [22] show that node-link
diagrams often suffer from visual clutter and scalability issues, which
can hinder users’ ability to perform effective exploration and sensemak-
ing. To address these limitations, researchers have explored alternative
visualization techniques tailored to specific analytic tasks. For example,
systems like TreePlus [21] and Pathfinder [33] redesign graph layouts
specifically for path exploration tasks. TreePlus [21] converts the graph
into a tree layout rooted at a selected node, making relationship paths
easier to follow by reducing visual clutter. Pathfinder [33], on the other
hand, dynamically reorders and bundles edges along selected paths to
maintain spatial continuity, helping users visually track sequences of
connected nodes in dense graphs.

Despite advances in KG visualization, comparison remains rela-
tively underexplored as a primary design objective. Prior visualization
research has established comparison as a fundamental analytical activ-
ity. For example, Tominski et al. [46] proposed interaction techniques
inspired by natural comparison behaviors to support the selection, ar-
rangement, and comparison of visual information across views. Sim-
ilarly, Alper et al. [2] investigated weighted graph comparison and
demonstrated the importance of dedicated visual representations for
identifying structural differences across graph datasets. Also, Gleicher
et al. [13] further emphasize that comparison is fundamental to vi-
sual analysis. While these works provide important foundations for
comparison-oriented visualization, they do not explicitly support struc-
tured comparison across entities, paths, and neighborhoods in KGs.
Furthermore, the integration of natural language interaction with com-
parison tasks in graph settings remains limited, despite its growing
adoption in tabular and statistical visualization interfaces [39].

2.2 Natural Language Interaction for Visualization

Natural language interfaces for data visualization have emerged as a
promising approach to make data exploration more accessible by allow-
ing users to express analytic intentions using natural language instead of
complex interfaces or programming [39]. Many systems have explored
natural language interaction for visualization by addressing different
forms of user intent and ambiguity [12,28, 35,41, 50]. For example,
DataTone [12] introduced a mixed-initiative approach that translates
user queries into visualizations while surfacing ambiguity through in-
teractive widgets, such as dropdowns and sliders, that help users refine
their intent without needing to rephrase their input. Building on this
idea, Eviza [35] supported more dynamic, context-aware interaction
by allowing follow-up questions and integrating natural language with
on-chart widgets, enabling users to clarify vague or underspecified
queries over multiple conversational turns. Also, Orko [41] explored a
multimodal interaction paradigm specifically for network data explo-
ration, where users issue speech commands alongside touch gestures
on a tablet interface to navigate, filter, and manipulate node-link vi-
sualizations, supporting tasks such as path tracing and neighborhood
inspection. More recently, natural language interfaces have been ex-
tended to graph databases. For example, Ozsoy et al. [32] introduced
Text2Cypher, which translates natural language questions into exe-
cutable Cypher queries, reducing the need for users to learn graph
query languages. While such approaches improve access to graph data,
their primary focus is query generation and information retrieval rather
than supporting visual analysis tasks.

While these systems demonstrate the effectiveness of natural lan-
guage interaction for visualization and graph querying, they primarily
focus on data retrieval, navigation, or general exploration tasks. Sup-
port for structured comparison remains limited, particularly in KG
settings where users must compare entities, relationships, and local
graph structures. This gap motivates the need for systems that combine
natural language interaction with comparison-oriented visual analysis.

3 COMPARATIVE KNOWLEDGE GRAPH EXPLORATION

While Section 2 reviewed prior work on KG visualization and NLI, this
section introduces the conceptual framework that motivates the design
of NEXO. Our framework builds upon foundational work in graph anal-
ysis and visual comparison, which remains relevant because it defines
general analytical operations, such as comparison, path reasoning, and
neighborhood inspection, that are independent of a particular visualiza-
tion system or application domain. We leverage these foundations to
formulate comparison tasks specifically for KG exploration.
Comparison is a central operation in visual analysis, enabling users
to identify similarities, differences, and patterns that support higher-



Table 1: Comparison task types and example scenarios (one representative task per cell), spanning value, path, and neighborhood comparisons

across different comparison structures.

Comparison structure

Task type 1-1 (entity—entity)

1-N (entity—set)

N-N (set—set)

@ Value comparison Does Chris Bishop have more citations than Eric

Saund?

@ Path comparison Is the shortest path from Stuart Russell to Andrew
McCallum longer than the path from Stuart

Russell to Matthai Philipose?

@ Neighborhood explo-
ration

Is Stuart Russell directly connected to more
papers than Rakesh Agrawal?

Does Wanna Iba have more citations than all
authors affiliated with the University of Turin?

Does Ali Rahimi have more shortest paths to
authors affiliated with Arizona State University
than to authors affiliated with Intel?

Within depth 2, do authors affiliated with the
University of Turin show denser collaboration
than Ali Rahimi?

Do authors affiliated with University of Milan
have more total citations than authors affiliated
with University of Miami?

Which affiliation group (Arizona State University
vs. Intel) is, on average, closer to Ali Rahimi in
the coauthorship network?

Within depth 2, which group (University of
Georgia vs. Brandeis University) publishes in a
broader set of research domains?

level reasoning and decision-making [3, 13]. In the context of KGs,
comparison is particularly critical given the inherently relational and
multi-entity nature of the data: users often need to simultaneously com-
pare entities, relationships, and local structures to understand influence,
connectivity, or structural roles. However, this type of reasoning is
cognitively demanding, as it requires coordinating information across
multiple subgraphs, tracing connections both within and between enti-
ties, and integrating structural and attribute-based evidence.

While prior research in graph visualization and network analysis has
explored node-link layouts, clustering, and interactive techniques for
navigation and local inspection [1,4,45], these approaches primarily
support exploration and connectivity analysis rather than explicitly
enabling structured comparison across entities and relationships. As
aresult, users are often left to manually assemble comparisons across
views, leading to overload and reduced efficiency, especially for com-
plex tasks involving multiple entities or subgraphs.

To address this gap, we formalize comparison in KGs through a
task-oriented framework grounded in fundamental forms of network
or graph data analysis. Through conceptual analysis of how users
contrast entities and relationships, we identify three complementary
modes of reasoning: attribute-based reasoning over nodes, relational
reasoning over paths, and structural reasoning over local neighbor-
hoods. These correspond to value comparison, path comparison, and
neighborhood exploration. This task formulation constitutes a core
conceptual contribution of our work, providing a structured basis for
both the interpretation of comparison intent from natural language
and the design of task-adaptive visual representations. By explicitly
connecting comparison tasks to both natural language interpretation
and visualization requirements, the framework guides how comparison
results are extracted, represented, and explored within NEXO.

Our research follows an organization of KG comparison tasks build-
ing on established visualization task taxonomies and extends them to
the relational and multi-entity nature of KGs. We draw upon estab-
lished task taxonomies in graph and information visualization [3,21,40],
which characterize fundamental analytical operations such as compari-
son, connectivity reasoning, and structural analysis that remain central
to graph exploration despite advances in visualization techniques and
interaction paradigms. However, KGs introduce richer semantics and
multi-relational edges, requiring comparison across nodes, heteroge-
neous relationships, and local structures. Through iterative conceptual
refinement, we identify three core comparison tasks (Table 1) that
capture these requirements and are broadly applicable to KG-based
analysis:

* Value Comparison: comparing numerical or categorical at-
tributes across nodes (e.g., citation count, domain, affiliation).

» Path Comparison: evaluating relationship paths between entities
(e.g., shortest path, number of intermediaries).

* Neighborhood Exploration: examining differences in local
graph structure or neighborhood patterns.
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Figure 2: System architecture: The user interface layer supports NL
query input, parameter review, and coordinated visual outputs. The
logic layer parses queries using an LLM-based pipeline, performs entity
resolution, constructs comparison groups, and executes graph queries.

Each of these tasks can involve different comparison structures:
* 1-1 Comparison: comparing two specific entities.

¢ 1-N Comparison: comparing one entity to a group.
* N-N Comparison: comparing across two groups of entities.

This formulation remains consistent with prior taxonomies while
extending them to support comparison in multi-relational settings. We
further validate this decomposition by mapping representative queries
to these categories, confirming that they capture the comparison sce-
narios supported by our system. We use this task framework to guide
the system design, where each task type informs how natural language
queries are interpreted and how results are represented through coordi-
nated visualizations.

4 SYSTEM

To address the comparison tasks identified in Section 3, we developed
NEXO, a visual analytics system for comparison-driven exploration
of KGs through natural language interaction (Figure 2). The system
combines three key ideas: a comparison-oriented workflow for KG
exploration, transparent human-in-the-loop query interpretation, and
task-adaptive coordinated visualizations that support different forms of
comparison.

4.1 Design Goals

We derive our design goals directly from comparison task framework
introduced in Section 3. Our goals support three key stages of compar-
ison: expressing comparison intent (aligned with task specification),
visualizing comparison structures (aligned with task execution), and
interpreting results across representations (aligned with task reasoning).

DG1. Enable Natural Language Interaction for Flexible Com-
parison
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Figure 3: System interface for @: Value Comparison. The interface follows a consistent multi-panel design used across all task types (T1-T3). (A)
shows the chat interface where users issue natural language queries. ) presents extracted parameters and supports ambiguity handling through
human-in-the-loop refinement, allowing users to verify and edit the system’s interpretation. (® provides textual summaries and intermediate results
to support quick understanding. () displays the graph view for structural reasoning over entities and relationships. (@ presents the analysis and
statistics panel, summarizing comparison results through concise visual encodings.
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Figure 4: Analysis & Statistics Panel for @) Value Comparison. The panel
presents comparative summaries for different comparison structures,
including 1—1, 1-N, and N-N scenarios. Bar charts show aggregated
values (e.g., number of papers), while reference lines indicate summary
statistics such as mean and median. This view enables users to quickly
compare values across entities or groups without inspecting the full graph,
supporting efficient interpretation of differences across comparison types.

Recent research highlights the potential of Visualization-oriented
Natural Language Interfaces (V-NLIs) to lower the entry barrier to data
analysis by allowing users to express analytical intent through natural
language rather than complex tool-specific operations [12,39]. How-
ever, much of the existing work on V-NLIs has focused on tabular data
and statistical visualizations [9,28,39], leaving interaction with more
complex data structures such as KGs relatively underexplored. KGs
represent richly interconnected data that can be difficult to navigate
and query, particularly for users unfamiliar with graph query languages.
Our goal is to support exploration and comparison of graph structures,
relationships, and attributes through a combination of natural language
interaction and direct manipulation, without requiring specialized tech-
nical knowledge. Because natural language input can be ambiguous and
imprecise, the system should support transparent interpretation of ex-
tracted intent and allow users to review, refine, and resolve ambiguities
before analysis is performed [12]. Rather than treating natural language
interaction as a black-box query mechanism, our goal is to expose and
make editable the intermediate interpretation used to generate visual

Author Paper (4)
Chris Bishop — >

Affiliation (1)

Figure 5: Interaction for ) : Value Comparison. Hovering over a node
highlights its related entities and reveals underlying relationships using
dotted links, indicating which papers cite or are cited. This interaction
allows users to trace the origin of aggregated values and verify how
comparison results are derived.

analysis results.
DG2. Task-driven Comparison through Adaptive Graph Views

Prior work shows that task-driven design enhances users’ analytic
capabilities by aligning visualization systems with the activities users
perform during analysis, including core tasks such as comparison [3,42,
49]. In the case of graph-based data, where users may need to compare
complex topological structures, node attributes, or relational patterns,
enabling flexible, adaptive graph views can help parse information
for supporting tasks such as side-by-side comparisons, highlighting
differences, or visualizing alternative subgraph selections. Our goal is
to build on this literature to create a system that dynamically adapts its
visual outputs based on the comparison task at hand, whether explicitly
requested through natural language or inferred from interaction context.

DG3. Supporting Multi-Level Comparison of Graph Context
and Statistics

Effective data exploration often requires users to shift between
overview and detail views [8,40]. Multi-level interfaces improve anal-
ysis by allowing users to maintain context while inspecting specific
nodes, relationships, and statistics [34, 38, 40]. This is particularly
important for comparative analysis, where users must understand both
overall patterns and the details underlying those patterns [8, 18]. In
graph exploration, combining structural overviews with statistical sum-
maries enables efficient identification of differences and trends while
preserving access to quantitative information. Furthermore, brushing
and linking across coordinated views helps users trace entities and
maintain continuity between levels of abstraction [34,48].
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Figure 6: Brush-and-link interaction for @: path comparison. When users hover over a node in the graph view, the system highlights the
corresponding entity across all coordinated views, including text and nodes in other panels. This interaction enables users to trace connections,
inspect intermediate entities, and compare multiple paths without losing context.

4.2 Usage Scenario with design overview

Our system supports comparative exploration of KGs by allowing users
to express analysis questions in natural language and automatically
translating them into structured graph queries and visual comparisons.
Instead of requiring users to manually navigate complex node-link
diagrams or write formal graph queries, the system interprets natural
language input to identify the intended comparison task and extract
the relevant parameters. Based on this interpretation, the interface
adaptively presents results through coordinated panels that support
different task types and explicitly handles multiple comparison types.

To illustrate the system in use, consider a researcher exploring a
scholarly KG dataset such as the KG20C dataset [47]. This dataset con-
tains papers from 20 top-tier computer science conferences and repre-
sents scholarly relationships as a multi-relational graph with five entity
types (paper, author, affiliation, venue, and domain) and five relation
types (author_in_affiliation, author_write_paper, paper_in_domain,
paper_cite_paper, and paper_in_venue). Suppose the researcher is
investigating differences in research impact and publication patterns
between two authors, aiming to understand not only who is more cited
but also how their work differs across domains, venues, and citation
behavior, as a starting point for exploring broader structural and rela-
tional differences in the graph. To begin, they ask: “Compare citations
of Chris Bishop and Eric Saund.” The system interprets this as a value
comparison task (T1) and a 1-1 comparison type, and extracts the rele-
vant parameters. The system presents these parameters to the user in
the chat interface so they can verify or edit the interpretation if needed
(Figure 3). Also, the visualization panel presents a concise comparison
of citation counts (Figure 4), while the graph view highlights the corre-
sponding authors and their connected publications, allowing the user to
inspect where the citation values originate (Figure 5).

Building on this initial comparison, the researcher next wants to
understand whether the difference in citation impact may be related to
how each author is connected to influential researchers in the broader
community. After observing that one author appears to have stronger
visibility in the dataset, they ask whether this difference may reflect
closer connections to a prominent researcher. To do this, they type
“Compare the shortest path from Chris Bishop to Stuart Russell with
the shortest path from Eric Saund to Stuart Russell” to examine how
directly each author is connected to Stuart Russell, an influential re-
searcher in the field (Figure 6). The system interprets this as a path
comparison task (T2) and retrieves the relevant paths in the KG. The
graph view highlights the candidate paths as node-link chains, allow-

ing the researcher to inspect the intermediate collaborators, papers, or
venues connecting each author to Stuart Russell. At the same time, the
visualization panel summarizes the paths in a structured layout, making
it easier to compare the two connections and assess whether one author
is more directly linked.

Finally, after comparing how each author connects to Stuart Russell,
the researcher seeks to understand whether these connections are part
of broader differences in their surrounding research communities. In
particular, they want to examine whether the authors are embedded in
different neighborhoods of collaborators, venues, or research domains
that may explain the structural differences observed in the paths. To
do so, they ask: “Show me nodes around Stuart Russell and Rakesh
Agrawal for two levels around it.” The system interprets this as a
neighborhood exploration task (T3) and extracts the relevant parameters,
including the target entities and the requested depth. The graph panel
visualizes the local neighborhoods using radial tree layouts centered
on each author, revealing surrounding collaborators, papers, venues,
and domains. In parallel, the visualization panel summarizes these
neighborhoods in a comparative table (See T3 in Figure 2), showing
the number and types of neighboring entities across the two levels of
expansion. This allows the researcher to quickly identify differences in
collaboration patterns and research areas without manually inspecting
each node-link structure. To further investigate specific connections, the
researcher can directly interact with the graph by expanding nodes and
edges on demand, enabling progressive exploration while maintaining
the overall comparative context.

4.3 System Architecture

NEXO follows a web-based client—server architecture designed to sup-
port interactive KG exploration through natural language interaction.
The system consists of a React-based frontend, a Python (Flask) back-
end, and a Neo4j graph database (Figure 2). This separation allows
dynamic query processing, graph retrieval, and responsive visualization.
The frontend presents a triple-panel interface (Figure 3). The left panel
provides a conversational interface for natural language input. The right
side contains two coordinated views: an interactive node—link graph
(top) and a task-specific analysis panel (bottom). Graphs are rendered
using D3.js [5], with visual encodings for entity types and relations.
The analysis panel generates structured summaries (e.g., value compar-
isons, extracted paths, or neighborhood statistics) depending on task
type. All frontend—backend communication is handled asynchronously
via RESTful API calls, allowing iterative refinement.



On the back end, incoming queries are processed through a struc-
tured pipeline. Rather than directly generating graph queries from
free-form input, the pipeline first translates each natural language re-
quest into an intermediate structured specification. This specification
explicitly encodes the comparison task type (T1/T2/T3), comparison
structure (e.g., 1-1, 1-N, or N-N), referenced entities or groups, and
task-specific parameters such as aggregation targets, path constraints,
or neighborhood depth. The structured specification serves as an inter-
mediate representation between the natural language interface and the
backend. This specification also serves as the primary mechanism for
context management within NEXO. Rather than relying on implicit con-
versational memory, the system externalizes the current interpretation
state through a structured, user-visible specification that captures the
comparison task, entities, comparison structure, and task-specific pa-
rameters. This state remains available throughout the analysis process
and can be directly inspected and modified during iterative refinement.

Natural language input is analyzed using gpt-4.1 [29], which is
used for both parameter extraction and summary generation. The sys-
tem message contains a structured prompt specifying task classification
rules (T1/T2/T3), few-shot examples, multilingual handling, and an
explicit no-hallucination constraint requiring the extraction of only ex-
plicitly mentioned entities. To reduce unsupported interpretations, the
extraction stage follows several conservative safeguards. The model is
instructed not to invent entities, not to infer missing parameters unless
they are directly supported by the query, and not to collapse underspec-
ified requests into a fully executable interpretation. When a query is
incomplete or ambiguous, the system preserves unresolved fields in
the extracted specification and exposes them to the user for verification
rather than silently guessing a value.

Following LLM extraction, entity resolution is performed in two
stages. First, a fuzzy matching module compares extracted entity names
against Neo4;j entries. If similarity exceeds a threshold of 0.8 (tuned
empirically to reject similar but distinct names while catching the minor
typos), the entity is automatically corrected; otherwise, the original
term is retained. Task-specific extractors then compute results for value
(T1), path (T2), or neighborhood (T3) comparisons. The backend
returns structured results, including resolved parameters, computed
comparisons, and relevant subgraphs, for rendering in the graph and
analysis panels. The pipeline supports iterative refinement through an
explicit, editable parameter specification shown in the interface. After
each successful query, the extracted task type, comparison structure,
and task-specific parameters are exposed to the user for inspection
and modification. If users adjust these parameters directly, the system
bypasses the LLM and re-executes the selected task deterministically
from the updated specification. This design makes the system inter-
pretation visible and correctable without requiring users to restate the
full query. We must also note that the mean end-to-end response time
during the user study was 2.11 seconds, which shows the pipeline
worked fast enough to avoid major disruptions to the user’s analysis.
This architecture supports a closed feedback loop in which users can
iteratively refine queries or combine natural language input with direct
graph interaction.

4.3.1

Prior research has highlighted ambiguity as a fundamental challenge
in natural language interfaces for visualization, where users issue un-
derspecified and flexible queries during exploratory analysis [12,41].
Enabling natural language interaction with KGs using our system,
therefore, requires systematic resolution of ambiguity across task in-
tent, entity reference, and correct extraction. In practice, ambiguity
appears in several distinct forms. Task ambiguity arises when a query
could plausibly describe a value comparison, a path comparison, or a
neighborhood exploration task. Entity ambiguity occurs when names
are misspelled, abbreviated, or refer to multiple similar KG entities.
Parameter ambiguity appears when the request omits values needed for
execution, such as depth, path length, or aggregation target. Finally,
scope ambiguity can arise in follow-up queries when users intend to
refine only one part of a previous request rather than issue a completely
new analysis.
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Figure 7: Interaction with radial tree for @ : Neighborhood Exploration.
Hovering over a node reveals its connected edges and highlights related
entities, while displaying detailed information such as connection types
and counts. This interaction supports inspection of local structure and
reduces visual clutter by exposing details on demand.

To address this, our system implements a multi-stage pipeline that
resolves ambiguity through constrained semantic extraction, database-
grounded normalization, and human-in-the-loop (HITL) feedback [36]
for refinement (See Figure 2). Free-form queries are first transformed
into structured task specifications (T1: value comparison, T2: path com-
parison, T3: neighborhood exploration) using an LLM-based extractor
equipped with strict prompt-level safeguards. A hard no-hallucination
rule ensures that only explicitly mentioned entities are extracted, while
flexible phrasing recognition and few-shot task examples map diverse
linguistic to the task representations.

After parameter extraction, each named entity is matched against the
Neo4j database to ensure it corresponds to an existing node. Matching
is performed using a deterministic similarity score that combines (1)
character-level sequence alignment, (2) substring containment, and (3)
word-level overlap. If the final score is > 0.8, the extracted string is
automatically replaced with the canonical database name; otherwise, it
is left unchanged to avoid incorrect substitutions.

The final parameter specification, including any corrections, is then
rendered directly in the interface as a structured, editable object. Each
field (task type, entities, aggregation, depth, path length) can be modi-
fied inline or through an editor panel (see Figure 3 B). If a user edits
the parameters, the system bypasses the LLM entirely and executes the
analysis deterministically from the updated specification. This sepa-
ration between semantic interpretation and execution allows users to
correct extraction errors in one or two interactions without reissuing the
natural language query. This grounding step maps extracted mentions
to canonical KG node labels before execution, ensuring that compari-
son operations are performed over verified graph entities rather than
raw text strings.

Unlike prior systems that resolve ambiguity primarily through
visualization-layer widgets, we found that such widgets are not suffi-
cient for KG queries where ambiguity often arises before visualization
(e.g., wrong task type, incorrect entity, or missing structural parameters).
In our setting, ambiguity must be resolved at the semantic and database
levels before meaningful graph results can be generated. Therefore,
we handle ambiguity during extraction and entity normalization, and
use structured parameter editing as a direct correction mechanism. The
interface exposes the full extracted specification and allows users to
edit any field explicitly, rather than adjusting inferred values indirectly
through visualization controls. This approach makes errors easier to
detect and correct, avoids repeated dialog interactions, and ensures
correct execution while maintaining low response latency (M = 2.11s).



4.4 User Interface

NEXO presents a coordinated three-panel interface that integrates nat-
ural language interaction, graph visualization, and task-specific sum-
maries (Figure 1). The layout consists of a chat panel, central graph
view, and analysis and statistics panel, supporting iterative exploration.

The chat panel serves as the primary interaction entry point. Users
submit natural language queries and receive formatted responses within
a threaded message view. After each successful query, the system
injects a structured parameter extraction panel summarizing extracted
and auto-corrected fields, including task type, comparison type, entities
or groups, aggregation settings, path length, and depth. Each parame-
ter is editable inline or through a modal editor supporting form-based
controls and validated JSON editing. Editing parameters re-executes
the analysis deterministically without re-invoking the LLM. Entity
names appearing in system responses are clickable and trigger coordi-
nated highlighting across panels through brush-and-link interactions.
This design exposes the semantic interpretation of each query, making
ambiguity visible and correctable.

The graph panel renders the academic KG using D3.js [5] with a
force-directed layout, pan, zoom, and interactive tooltips. Node size is
logarithmically scaled by degree, while color encodes entity type (e.g.,
author, paper, affiliation). Interaction behaviors are task-dependent. For
value comparison (T1), subjects are displayed in expandable grouped
regions; expansions are reversible at the node level (Figure 3D). For
path analysis (T2), paths are rendered as parallel node-link chains with
distinct colors and selectable alternatives (Figure 6). For structural
comparison (T3), entities are visualized as radial trees rooted at the
subject, with breadth-first depth encoded through concentric rings and
opacity (Figure 7). Newly expanded nodes are animated to indicate
change. A reset control restores the overview graph. These task-
specific layouts preserve structural clarity while maintaining consistent
interaction primitives.

The analysis and statistics panel provides task-specific summaries
linked to the graph view. For T1, horizontal bar charts support 1-1,
1-N, and N-N comparisons with color-coded roles and reference statis-
tics. For T2, side-by-side path diagrams display selected paths with
synchronized highlighting. For T3, a neighbor-themes table summa-
rizes breadth-first expansions by entity type and depth using stacked
horizontal bars with opacity encoding depth level. All visual summaries
are brush-and-link coordinated: hovering or selecting an entity in any
panel highlights corresponding elements across the interface, ensuring
consistent state propagation between chat messages, graph nodes, and
statistical summaries.

5 [EVALUATION

Our evaluation is designed to assess the key claims of our approach, as
articulated through the design goals in Section 4.1. We report both quan-
titative and qualitative results, examining task performance, interaction
behavior, and gaze patterns.

5.1 Study Design and Procedure

We conducted a controlled lab study to evaluate how participants use
our system to perform comparison-driven exploration tasks on a KG
using natural language interaction. The study was designed with three
primary objectives: (1) to assess the overall usability of the system, (2)
to analyze how participants distribute attention across the coordinated
panels, examining how panel usage and preference vary depending on
the task type and comparison structure, particularly when multiple lev-
els of detail are available, and (3) to gather qualitative feedback on the
system’s features, interaction design, and effectiveness for supporting
comparison tasks.

We initially aimed to conduct a comparative evaluation against exist-
ing systems. However, we were unable to identify publicly available
KG exploration tools that support both natural language interaction
and task-driven comparison in a manner comparable to our system.
Existing graph tools typically require formal query languages (e.g.,
Cypher, SPARQL) or focus on manual exploration, limiting direct com-
parison. We also considered an ablation study, but the system relies
on coordinated adaptive views that collectively support comparison

tasks. Isolating components would not reflect realistic usage, as users
rely on the interplay between natural language input, graph views, and
summaries. Therefore, our evaluation focuses on how users interact
with the system through measures of accuracy, interaction behavior,
and gaze patterns.

Thus, the main study consisted of 18 statements in a Jeopardy-style
fact-checking task [12,41], where participants formulated their own
queries. The statements were evenly distributed across three task types
(value comparison, path comparison, and neighborhood exploration)
and three comparison structures (/—1, /-N, and N-N), resulting in two
statements for each task—structure combination. This design enabled
systematic evaluation of the different comparison scenarios supported
by NEXO. For each statement, participants used the chat panel, graph
view, and analysis and statistics panel to determine whether the state-
ment was correct or incorrect. Participants could submit multiple
queries per task and were allowed to skip a statement after three at-
tempts if they believed the system could not provide a sufficient answer.
Task order was counterbalanced across participants to reduce ordering
effects and learning bias.

We used the KG20C scholarly KG [47], which contains papers from
20 top-tier conferences represented as a multi-relational graph with five
entity types and five relation types. The dataset was selected because it
supports all three comparison task types: paper attributes and citations
support value comparison, authorship and citation links support path
comparison, and relationships among papers, venues, and domains
support neighborhood exploration. This enables evaluation of all task
categories using real-world scholarly data.

The study protocol was reviewed and approved by our institution’s
Institutional Review Board (IRB Protocol No. ET00048494), and all
participants provided informed consent. Participants first received an
overview of the system, its three interface panels, and the task structure,
followed by a short guided tutorial on formulating natural language
queries and interpreting system responses. We recruited 13 participants
(ages 21-42, median = 23), including 6 self-reported males and 7
females. All participants had backgrounds in computer science or
computer engineering.

Throughout the study, we collected task responses, completion times,
natural language inputs, gaze data, and interaction logs. Gaze data were
captured using a Pupil Labs Invisible eye tracker to measure visual
attention across the interface. After completing the tasks, participants
completed the SUS questionnaire [6] and post-study measures adapted
from Hoffman et al. [19], including the Explanation Satisfaction Scale
and Trust Scale for the XAl context. The session concluded with a
short informal interview about participants’ reasoning strategies and
interaction patterns. Each session lasted approximately 60 minutes.

5.2

As shown in Table 2, participants achieved high accuracy overall, with
strong performance on value comparison (T1: 91.2%) and neighbor-
hood exploration (T3: 92.3%), while path comparison (T2) resulted in
lower accuracy (78.2%). This difference reflects the increased complex-
ity of path-based tasks, which require participants to trace multi-step
relationships, identify intermediate nodes, and compare sequences of
connections rather than single values or local structures. In contrast,
value and neighborhood tasks allow users to rely on more direct sum-
maries or localized patterns, making them easier to interpret. Also,
these results support DG, which emphasizes the efficiency of natural
language interaction for this exploration.

Despite these differences in task difficulty, participants required rel-
atively few interactions to reach a decision. On average, participants
issued between 1.10 and 1.36 queries per task across all task types,
indicating that most queries were correctly interpreted and that users
were able to obtain relevant results without extensive reformulation.
This suggests that the combination of natural language input and coor-
dinated visual feedback supports efficient exploration, even for more
complex comparison tasks.

Additionally, Figure 8 and Figure 9 show how participants dis-
tributed their visual attention across the three interface panels during
task completion which supports our DG3. Overall, participants spent

Interaction Patterns
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Table 2: Summary of performance metrics across all participants (N=13).

Metric Mean
System Usability

Overall SUS Score 73.5
Average Accuracy across all 18 Trials
@: Value Comparison 91.2%
@: Path Comparison 78.2%

@: Neighborhood Exploration ~ 92.3%

Average Number of Queries Submitted

@: Value Comparison 1.32
@: Path Comparison 1.36
@: Neighborhood Exploration 1.10

the majority of their gaze time on the graph view across all task types,
reflecting its central role in reasoning about relationships in the KG.
Specifically, the graph view accounted for approximately 49.5% of gaze
time for T1 (value comparison), 51.7% for T2 (path comparison), and
65.0% for T3 (neighborhood exploration). In contrast, the chat panel
and visualization panel received smaller but complementary attention,
supporting query formulation and quantitative comparison respectively.
Temporal analysis of gaze behavior further reveals how attention shifts
during task progress. Early in the task, participants focused more on
the chat panel to interpret the question and issue queries, while atten-
tion increasingly shifted toward the graph and visualization panels as
participants explored relationships and validated results. This trend is
particularly pronounced in T3 tasks, where the graph view dominates
attention throughout the task, indicating that neighborhood exploration
relies heavily on structural reasoning within the graph.

These patterns demonstrate that participants actively move between
high-level summaries and detailed structural views, using different
panels at different stages of the task. This behavior directly supports
DG3 by showing that the system enables users to maintain context
while drilling down into detailed graph structures and, conversely, to
return to summarized views for comparison and validation. The coordi-
nated use of panels allows users to integrate structural, statistical, and
textual information, supporting multi-level exploration (DG2) without
overwhelming them with a single representation.

5.2.1 Post-Study Questionnaire Results

We also analyzed participants’ post-study responses (N=13), assessing
perceived usability, explanation quality, and natural language interac-
tion. Overall, responses indicate positive perceptions of the system.
The mean System Usability Scale (SUS) score was 73.5 (SD = 12.85).
SUS scores have a range of 0 to 100, and a score of around 60 and
above is generally considered as an indicator of good usability [24].

Table 3: Post-study questions (adapted from Hoffman et al. [19]) with

>80% agreement (Agree/Strongly Agree).

Item (shortened) Agreement
System is fast/efficient. — 1 00%
1 feel confident using the system. — 929
T understand how the system works. — 02 %
Explanations have sufficient detail. —— 029
Explanations tell me how to use the system. — 929
Explanations are useful for my goals. —— 029
NL queries were interpreted correctly. —— 85%
System outputs are predictable. — 859
Explanations are satisfying. —— 85%
Explanations feel complete. — 85
Explanations reflect system accuracy. —— 85%

Additionally, responses in Table 3 indicate high agreement on system
efficiency (100%) and user confidence (92%), suggesting that partic-
ipants trusted the system to support their analysis. Participants also
reported strong agreement regarding explanation quality and complete-
ness (92%-85%), indicating that system outputs were perceived as
understandable, reliable, and sufficient for decision-making.

5.2.2 Post-Task Interview

Following the task, we conducted semi-structured interviews with par-
ticipants to gather qualitative data on their interaction strategies and
experiences with the system. Participants were asked open-ended
questions such as Which panel helped you make decisions?, What chal-
lenges or strengths did you experience during the interaction?, and their
overall impressions of using natural language queries in combination
with multiple coordinated views.

Overall, participants highlighted the complementary roles of the
three panels in supporting comparison tasks. In particular, 5 out of 13
participants noted that for straightforward value comparisons, concise
summaries in the chat or visualization panel were sufficient, reducing
the need to inspect detailed graph structures. As one participant stated,

“For simple comparisons, the text summary was enough, I didn’t need

to look at all the details unless I wanted to double-check where the
values came from and make sure it wasn’t hallucinating.” Additionally,
4 participants emphasized the system’s ability to retrieve and organize
comparative results, especially in group-based queries. For example,
one participant noted, “I like how fast the system could expand and
show all combinations, like authors affiliated with a university, and
then compare them side by side without me having to manually search.”
Finally, 2 participants mentioned interaction features such as hover-
based details and highlighting as beneficial for understanding complex
structures, particularly in path comparison tasks. One participant com-
mented, “I liked the hover interactions as it made it easy to see details
of each node, especially when there were many nodes in a path.”

6 DISCUSSION

Beyond demonstrating the feasibility of natural language interaction
for KG exploration, our work contributes a comparison-oriented per-
spective on visual analytics for KGs. Rather than focusing solely on
query generation, NEXO treats natural language as a mechanism for
expressing comparison intent and couples this interpretation with co-
ordinated adaptive visual representations designed around comparison
tasks (Figure 1). The study results suggest that users rely on both the
transparent parameter interpretation process and the task-adaptive visu-
alizations to understand, verify, and compare graph data. This design
is motivated by prior findings that working with KGs involves chal-
lenges in querying, interpreting large graph structures, and extracting
relevant insights efficiently [18,22]. In particular, prior work reports
difficulties in querying KGs, limited support for organic discovery, and
overly complex visualizations for end users [11, 14,22]. Our approach
addresses this by allowing users to express comparison tasks in natural
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language while exposing structured parameters that can be inspected
and refined when needed, consistent with prior work on natural lan-
guage interfaces for data exploration [28, 35,39]. In addition, prior
research has shown that node-link visualizations often struggle with
scalability and readability in large graphs, limiting their effectiveness
for analysis and comparison [18,22]. To mitigate this, our system
combines graph views with summary and statistical representations,
aligning with established principles of coordinated multiple views for
balancing detail and overview [34,48].

As shown in Table 2, participants achieved high accuracy across
tasks (T1: 91.2%, T2: 78.2%, T3: 92.3%), indicating that the sys-
tem supports comparison tasks reliably across different structures. At
the same time, participants required only 1.10-1.36 queries per task
(Table 2), suggesting that the natural language interface reduced the
need for repeated query reformulation. However, this efficiency does
not imply that a single representation was sufficient. Instead, both
gaze data (Figure 8) and qualitative responses indicate that participants
distributed their reasoning across panels. Specifically, the graph view
received the largest proportion of attention across all tasks (49.5% for
T1, 51.7% for T2, and 65.0% for T3), showing that users relied on it
for structural reasoning. In contrast, post-study responses (Table 3) and
interview feedback indicate that participants used the analysis panel and
textual summaries to confirm results and reduce effort when possible.
This suggests that supporting comparison in KGs requires coordinated
representations, where each view contributes differently rather than
replacing one another.

The results also reveal limitations in how effectively these represen-
tations are coordinated during interaction. Trends in Figure 9 show
that panel usage changes over time depending on task demands. For
neighborhood exploration (T3), participants initially relied heavily on
the graph view (77.6% gaze time), indicating that understanding local
structure requires direct inspection of nodes and edges. However, this
reliance decreases over time while attention to the analysis and statistics
panel increases (Figure 9), suggesting that the graph becomes harder
to manage as more information is revealed. This shift indicates that
the graph view alone does not scale well for sustained comparison,
and users transition to summarized representations to reduce cogni-
tive load. In contrast, for value comparison (T1), participants focused
more on the chat panel early in the task (Figure 9), which aligns with
qualitative feedback where multiple participants reported that concise
textual summaries were sufficient for simple comparisons. This be-
havior suggests that presenting full graph structure in such cases may
introduce unnecessary complexity. Together, these findings indicate
that while the system provides multiple levels of representation, it does
not actively adapt which view should be emphasized based on task
complexity or interaction stage. As a result, users must decide when
to switch between detailed and summarized views themselves, which
introduces coordination overhead and may limit efficiency in more
complex analytical scenarios.

A pattern observed in our study is that participants received limited
guidance on how to navigate between representations during compar-
ison tasks. While the system provides multiple coordinated views, it
does not indicate which panel may be most effective at different stages
of analysis. This is reflected in the gaze transitions shown in Figure 9,
where users independently shifted from the graph view to the analysis
panel as task complexity increased. This suggests that participants
had to infer effective interaction strategies on their own, although such
overhead may decrease with experience. Additionally, the lower accu-
racy observed in path comparison tasks (78.2% in Table 2) indicates
that multi-step relational reasoning remains challenging despite visual
and textual support. This suggests that presenting paths alone may be
insufficient and that users could benefit from additional abstractions or
guidance for comparing intermediate entities and relationships. Finally,
qualitative feedback revealed that participants frequently used the graph
view to verify results, highlighting both the importance of transparency
and limited trust in summarized outputs alone.

Our evaluation focuses on a single KG dataset (KG20C [47]), se-
lected to provide a controlled yet structurally rich environment for
assessing the full system pipeline. KG20C includes multiple entity
and relation types (e.g., authors, papers, citations, venues, and do-
mains), enabling all three comparison task types (T1-T3) within a
unified setting. This allows us to evaluate how natural language queries,
parameter extraction, and coordinated visualizations interact without
confounding differences in schema, data quality, or domain-specific
semantics. Nevertheless, the proposed framework is organized around
domain-independent comparison operations. Value comparison focuses
on graph entity attributes, path comparison on relationships and connec-
tivity between entities, and neighborhood exploration on local graph
structure. Similarly, the 1-1, 1-N, and N-N comparison structures
describe how graph elements are compared rather than what they rep-
resent. As a result, the framework can be applied to other knowledge
graph domains, such as biomedical knowledge graphs (e.g., genes and
diseases) and social networks (e.g., users, communities, and interac-
tions), among others, where users compare attributes, relationships,
and local graph structures despite differences in schema and semantics.
Furthermore, because NEXO focuses on task-relevant entities, paths,
and neighborhoods rather than full-graph visualization, the interaction
framework may also support exploration in larger graphs by restricting
analysis to graph regions most relevant to the comparison task.

7 FUTURE WORK AND CONCLUSION

We presented NEXO, a comparison-driven KG exploration system
that integrates natural language interaction with coordinated adaptive
visualizations. To address challenges in querying and interpreting
complex graph data, NEXO maps natural language input to structured
comparison tasks and adaptively presents results across multiple views.
Through example scenarios, we illustrated how users can explore and
compare KG data using textual summaries, structural graph views,



and statistical representations. We also reported results from a user
study, showing how users distribute attention across views based on
task demands. These findings suggest opportunities for improving
cross-view guidance and supporting more complex comparison tasks
in future KG visualization systems.

Future work can explore adaptive interaction mechanisms that guide
users toward effective representations based on task type and interac-
tion stage. For example, the system could dynamically emphasize or
recommend specific panels as graph complexity increases, reducing
coordination overhead in multi-view analytical workflows. Another
direction is supporting more complex relational reasoning, particularly
for multi-step paths and larger neighborhoods. The lower accuracy
observed in path comparison tasks suggests these scenarios remain
challenging and require additional support. While NEXO exposes
underlying graph structures, users must still interpret intermediate re-
lationships and compare them manually. Future work could introduce
higher-level abstractions, such as path summaries, intermediate-node
grouping, or automated highlighting of key subgraph differences, to
reduce cognitive effort and make comparisons more explicit.
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